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 HMF and furfural produced during HTC are degraded on HTC 250 after 180 min.
 NIR spectroscopy can be applied for both solid and liquid products of HTC.
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Near-infrared (NIR) spectroscopy was evaluated as a rapid method of predicting ﬁber components (hemi-
cellulose, cellulose, lignin, and ash) and selective compounds of hydrochar and corresponding process
liquor produced by hydrothermal carbonization (HTC) of maize silage. Several HTC reaction times and
temperatures were applied and NIR spectra of both HTC solids and liquids were obtained and correlated
with concentration determined from van-Soest ﬁber analysis, IC, and UHPLC. Partial least-squares regres-
sion was applied to calculate models for the prediction of selective substances. The model developed with
the spectra had the best performance in 3–7 factors with a correlation coefﬁcient, which varied between
0.9275–0.9880 and 0.9364–0.9957 for compounds in solid and liquid, respectively. Calculated root mean
square errors of prediction (RMSEP) were 0.42–5.06 mg/kg. The preliminary results indicate that NIR, a
widely applied technique, might be applied to determine chemical compounds in HTC solid and liquid.
 2014 Elsevier Ltd. All rights reserved.1. Introduction
The world is facing two large challenges in energy sector, e.g.,
renewable sources and their sustainability. According to the United
Nations report, up to 77% of the world’s energy in 2050 could come
from renewable sources [UN report, 2007]. Lignocellulosic biomass
like primary (straw, grasses) and secondary agricultural residues(rice hulls, corn cobs, straw-manure mixtures) have no conﬂicts
with the food versus fuel issue. Moreover, biomass is the third larg-
est source of energy after petroleum and coal. This is the only
renewable energy source with carbon in the structure, compared
to wind, solar, and water [IPCC, 2011]. However, the handling char-
acteristics, lower bulk density, high ash content, and lower energy
content hindered the usage of lignocellulosic biomass for energy
production [IPCC, 2011]. An efﬁcient method of producing renew-
able, sustainable energy from lignocellulosic biomass is beneﬁcial
to overcome the current crisis.
Hydrothermal carbonization (HTC) is one of the promising ther-
mochemical processing of biomass for producing hydrochar and
value-added chemicals. The history of HTC goes back to 1913,
when Bergius made an attempt of producing synthetic coal from
cellulose. However, the similar concept was rediscovered recently
aiming to mitigate the emission of green-house gases, to improve
energy, and food security, and to use the most abundant form of
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HTC is a promising technology for converting biomass into
lignite-type coal [Parschetti et al., 2013], into liquid biofuel
[Hoekman et al., 2011], into a soil amender [Libra et al., 2011; Rillig
et al., 2010], into a carbon material for liquid contaminant adsorp-
tion [Regmi et al., 2012], into nanostructure carbon material [Cui
et al., 2006], into a carbon catalyst [Hu et al., 2010; Yu et al.,
2012], or into carbon material for increasing fuel cell efﬁciency
[Titirici and Antonietti, 2010].
Subcritical water has the ionic product maximum in the tem-
perature range of 200–280 C [Bandura and Lvov, 2006]. When bio-
mass is treated with subcritical water, organic components, e.g.,
lignin, cellulose, hemicelluloses degrade to some extent. During
HTC, ﬁrst hydrolysis of the extractives, hemicellulose, and cellulose
followed by dehydration, and followed by decarboxylation, con-
densation, polymerization, and aromatization take place in the li-
quid phase [Funke and Ziegler, 2010; Reza et al., 2014]. Although
the overall reaction chemistry follows mainly the stated reaction
paths, each of the individual HTC reaction has their own reaction
kinetics and probably catalyzed by one another [Reza et al.,
2013b]. The HTC reactions in the liquid phase are mainly responsi-
ble for the production of so-called liquid biocrude [Kruse et al.,
2013], which considers as the main precursor of solid hydrochar.
Thus, the quality of hydrochar depends on the composition of
process liquor and which makes the HTC process more unique
compare to other thermochemical conversion processes [Libra
et al., 2011]. Besides HTC reaction temperature and reaction time,
the liquid phase reactions as well as the formation of the hydrochar
also depend heavily on the feedstock [Wiedner et al., 2013]. HTC
process liquor is often deﬁned as the waste water and requires
proper treatment prior to discharge into the environment, even
after successive recycling [Uddin et al., 2013]. However, the high
strength HTC process liquor can be an effective feedstock for biogas
production via anaerobic digestion [Wirth and Mumme, 2013],
which can potentially contribute to the overall economics besides
treating waste water. So, the knowledge about the chemistry and
kinetics of liquid phase as well as solid phase of speciﬁc feedstock
are necessary for comprehensive HTC process and product
optimization.
Optical spectrometry is a universal tool for characterization of
solid and liquid products. The signature spectra can reveal the
chemical information, which will reduce the extensive, tedious
laboratory analyses. A successful optical technique is often neces-
sary for designing in-line or on-line process control, thus helps to
scale up processes from batch to continuous, and from small to
large scale. For instance, NIR spectroscopy has proved to be a valid
analytical tool for food products quality assurance [Blanco and
Villarroya, 2002; Chen and He, 2007]. As a multivariate and rapid
technique NIR spectroscopy offers the possibility to determine con-
centration of selective substances. The solid as well as the liquid
phase can be measured with adjusted probes and measurement
conﬁgurations. Several applications of the use of NIR spectroscopy
to construct models for evaluating components content can be
found in the literature. For example, it has been employed to ana-
lyze carotenoids content in maize [Brenna and Berardos, 2004], or-
ganic matters in soil [Fidencio et al., 2002], arachidonic acid in
powdered oil [Yang et al., 2010], and A-tocopherol in vegetable oils
[Szlyk et al., 2005]. However, by far the author’s knowledge, NIR
was conducted for neither hydrochar nor HTC process liquor yet.
The main goal of this work was to investigate the use of NIR for
the detection of selected HTC products by means of Partial least-
squares regression. Further objectives were to determine quantita-
tively the concentration of selective soluble organic products, to
describe the physical and chemical changes of both hydrochar
and process liquor with different HTC temperature and time, and
correlate the chemical analyses with the NIR spectra.2. Methods
2.1. Hydrothermal carbonization
Maize silage was acquired from a locally grown test site at Leib-
niz Institute for Agricultural Engineering (ATB), Potsdam, Germany.
The feedstock’s size was reduced to 5 ± 3 mm. Moisture content of
the feedstock was 13 ± 1 wt%. Around 50 g of maize silage was
weighed in a beaker, transferred into a 1 L Parr reactor stirred reac-
tor (reactor series 4520, IL, USA). DI water of 600 ml was weighed
by same balance (maintain 1:12 maize silage, water ratio) and
poured into the reactor. The experimental condition was set either
200 or 250 C for holding time 20, 60, 180, and 300 min with the
3 K min1 heating rate. There was one additional experiment per-
formed at 230 C for 1 h. The reaction temperature was controlled
by a Parr PID temperature controller (4520 series). The accuracy of
the controller was set at ±1 K. The pressure was not controlled,
rather monitored during the reaction. The content was stirred con-
tinuously during the hydrothermal treatment at 180 rpm. After the
end of reaction period, the heater was turned off and let the reactor
cooled down naturally. It took 3–4 h to cool down from 250 to
25 C (about 20 min from 250 to 180 C), while pressure drops
from 4–4.5 to 0.2–0.5 MPa. The gaseous product was purged in
the hood; the solid product was ﬁltered using a folded ﬁlter paper
(ROTH Type 113 P ﬁlter) for 20 min. The process liquid was stored
into a 4 C refrigerator for further analyses. The solid product was
dried in a heating oven for overnight at 105 C. Dried solid product
was placed into a zip-lock bag and stored for further use. Each indi-
vidual experiment was carried at least three times and the solid
products and process liquors were mixed prior to further analyses
for minimizing experimental errors.
2.2. Chemical analyses
A modiﬁed van-Soest method using the ANKOM A200 Filter Bag
Technique (FBT) was used to determine the contents of hemicellu-
lose, cellulose, lignin, and aqueous soluble compounds in solid
samples [Reza et al., 2014]. The solid samples are ﬁrst crushed
and sieved to the desired particle size (20–65 mesh) and were
dried at 105 C for 24 h prior to the analysis. The contents of hemi-
cellulose, cellulose, and lignin were calculated from the difference
of neutral detergent ﬁber (NDF), acid detergent ﬁber (ADF), acid
detergent liquid (ADL), and ash as shown following;
Extractives ð%Þ ¼ 100 NDF ð%Þ
Hemicellulose ð%Þ ¼ NDF ð%Þ  ADF ð%Þ
Cellulose ð%Þ ¼ ADF ð%Þ  ADL ð%Þ
Pseudo-lignin ð%Þ ¼ ADL ð%Þ  Ash ð%Þ
According to modiﬁed van-Soest method, biomass and hydro-
char are divided into ﬁve components only in this method and
any change of one component will affect the others. The method
is based on extraction of ﬁbrous substances using NDL, ADF, and
ADL. The method is well-established for raw biomass, however,
several scientists were adopted this technology for hydrochar anal-
ysis as well [Parschetti et al., 2013; Reza et al., 2013b, 2014; Uddin
et al., 2013]. The solid residue left after ADL is pseudo-lignin and
ash. Ash, determined separately by mufﬂe furnace according to
ASTM D2974, subtracted from lignin and ash weight from ﬁber
analysis, to ﬁnd lignin content. So, pseudo-lignin is not measured
directly and this is one of the main shortcomings of this method.
The higher heating value (HHV) was calculated using the correla-
tion of Boie and presented as dry-ash-free basis (Boie, 1953).
Liquid phase pH was measured directly after ﬁltration using a
WTW inoLab pH/Cond 720 with a Sen Tix probe. Solid pH was mea-
sured after drying the solid residue and then mixing with water in
M.T. Reza et al. / Bioresource Technology 161 (2014) 91–101 93a 1:10 w/w (solid:water) ratio. The sample-water mixture was sha-
ken for 15 min before the pH was measured.
The concentrations of selective volatile organic compounds
(5-HMF, 2-furfural, phenol, catechol, cresol, and resorcinol) in
process liquid were measured using a modiﬁed ICS 3000 Dionex
(Thermo Scientiﬁc) with a UV detector (wavelength 280 nm) and
Knaur Eurosphere II (C 18) column. A 15% acetonitrile (85% DI
water) was used as mobile phase in the IC. Column temperature
was set at 23 C and ﬂow rate was 1.0 ml min1. Sugars (glucose,
sucrose, fructose, xylose) and organic acids (acetic, formic, lactic
acid) concentration in the HTC process liquor were measured by
Thermo Scientiﬁc Dionex Ultimate 3000 UHPLC equipped with
Eurokat H (300  8 mm) column, RI-71 (refractive index) detector,
and Ultimate 3000 autosampler. Sulfuric acid of 0.01 N was used as
mobile phase in the UHPLC. The ﬂow rate was maintained at
0.8 ml min1 and pressure 80 bar. The oven temperature for UHPLC
was set at 35 C during the analyses of sugars and acids in the li-
quid solution.
Total organic carbon (TOC) in the process liquors was measured
by a TOC Analyzer 5050 A (Shimadzu Scientiﬁc Instruments,
Columbia, MD, USA). The precision of TOC analysis was <2%.2.3. NIR instrumentation and data collection
Near infrared spectral measurements were done with a Carl
Zeiss diode array spectrometer system in the spectral range from
900 to 2200 nm with a spectral resolution of about 6 nm wave-
length. Each spectrum was measured with 20 accumulations and
an integration time of 100 ms. All the hydrochar and corresponding
process liquor samples were investigated individually. Each sam-
ple was measured at least three times for better precision in reﬂec-
tion with NIRS. The liquid samples were ﬁlled in a petri dish with a
ﬁlling level of 2 mm and measured in reﬂection with an OMK 500
ﬁber coupled probe (Carl Zeiss). The distance between sample sur-
face and probe was 2 cm. Hydrochar samples were measured in the
same way whereby the petri dishes were completely ﬁlled.2.4. NIR data processing and development of the calibration model
In addition to the valuable sample information, the NIR spectra
comprise chemical information i.e., substance speciﬁc absorption
bands and physical inﬂuences like light scattering or noise. Hence
it is necessary to pre-treat spectral data before modeling, to extract
only relevant information to obtain reliable, accurate, and stable
prediction models. At present, there are many pre-processing
methods, such as smoothing, derivative, extended multiplicative
scatter correction (EMSC), orthogonal signal correction (OSC), Jack
Kniﬁng (JK), vector normalization (VN), Kubelka–Munk (KM). The
details of these pretreatment methods can be found elsewhereTable 1
Physico-chemical analyses of hydrochar derived from maize silage. HHV, higher heating v
Condition Time
(min)
Mass yield
(%)
pH Extractives
(%)
Hemicellulose
V(%)
Cellulose
(%)
Raw – – 4.8 27.3 26.3 32.7
HTC 200 20 51.8 4.4 36.9 2.7 46.4
HTC 200 60 49.2 4.8 29.2 3.2 38.7
HTC 200 180 47.4 4.3 38.9 1.7 29.7
HTC 200 360 45.4 4.1 31.5 2.1 25.3
HTC 250 20 41.0 5.4 37.6 6.1 22.0
HTC 250 60 39.4 6.0 45.2 1.1 7.4
HTC 250 180 39.3 5.9 43.2 0.4 4.6
HTC 250 360 39.6 6.0 34.9 0.3 4.3
HTC 230 60 45.3 4.7 40.1 4.8 25.2
1 Cellulose amount is calculated by van-Soest ﬁber analysis.[Luypaert et al., 2004; Yang et al., 2010]. The data pre-treatment
methods are intended ﬁrst to reduce noise, light scattering and
temperature effects to the spectra, and then to improve spectral
resolution through. In this study, six data pre-processing methods
were applied accordingly, namely OSC and EMSC for liquor and JK,
VN, OSC, and KM for solid analysis.
NIR spectra were analyzed with principal component analysis
(PCA) and concentrations of different substances in the samples
were correlated with NIR spectra with partial least square regres-
sion (PLSR). For the analysis and evaluation of the spectra the soft-
ware Unscrambler from CAMO was used. The data set was split
randomly into a training (n = 75) and a validation set (n = 25).
The optimum number of PLS factors in the calibration models
was determined by cross-validation and by the RMSEC(V). Overﬁt-
ting of the models was avoided by controlling the explained vari-
ance of the prediction models [Fearn et al., 2002]. The relative
performance of the established model was assessed by the re-
quired number of factors, by the root mean square error of calibra-
tion (RMSEC), and the root mean square error of cross-validation
(RMSECV). The complete spectrum was used for model generation
or speciﬁc spectral regions were selected with the Jack-Kniﬁng
procedure to improve model performance.3. Results and discussion
3.1. Physico-chemical properties of hydrochar
Table 1 shows the mass yield (ratio of dry hydrochar and dry
biomass weight) along with solid pH, ﬁber analysis, HHV, and
few volatile organic components. From Table 1, it can be found that
hemicellulose degrades more than 90% in the ﬁrst 20 min even at
the lowest HTC temperature. Cellulose concentration in the HTC
biochar increases about 41%, after 20 min at HTC 200, which might
be the reﬂection of hemicellulose degradation. However, the con-
centration of cellulose decrease with the increase of holding time
and after 6 h of reaction time at 200 C, overall cellulose concentra-
tion decreased of 23%. Although pure cellulose does not degrade
before 220 C in hydrothermal media [Diakité et al., 2013], cellu-
lose in biomass often degrade to some extent as low as 200 C
[Reza et al., 2013b]. Hydrolysis products from hemicellulose and
other extractives might catalyze the cellulose degradation at lower
HTC temperature. At 250 C, more than 78% cellulose of maize si-
lage was degraded in 1 h according to Table 1. (Pseudo)Lignin con-
centration increased at the increase of severity of HTC throughout
this study. At 200 C after 6 h of reaction, the (pseudo-)lignin con-
centration was 38.3%, which was more than 5 times of the lignin
originating in the raw biomass. If we assume that lignin is inert
and even then considering 45.4% mass yield, the theoretical lignin
concentration could be 15.4% at HTC 200, 6 h biochar, which meansalue; db, dry basis; HMF, hydroxymethyl furfural.
1 (Pseudo-)
Lignin (%)
Ash
(%)
HHV
(MJ/kg db)
HMF
(mg/kg db)
Furfural
(mg/kg db)
Phenol
(mg/kg db)
7.0 6.7 15.6 – – –
9.5 4.5 21.6 2.1 16.2 3.9
25.1 3.9 23.0 3.8 7.1 8.4
27.2 2.6 24.9 5.7 8.9 23.9
38.3 2.8 25.6 3.5 7.4 25.8
32.4 1.9 22.4 1.1 3.7 14.6
44.4 1.9 27.8 0.3 2.6 16.6
49.2 2.6 28.4 0.0 2.4 27.0
58.3 2.3 30.3 0.0 1.9 29.7
24.6 4.7 22.3 3.1 8.1 27.4
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lignin) during HTC. According to the literatures, hydrochar is difﬁ-
cult to distinguish from lignin by van-Soest ﬁber analysis [Sevilla
and Fuertes, 2009; Reza et al. 2014]. Moreover, some reaction
intermediates might react with the existing lignin and attached
with the lignin. As a result, the residues left after ADL treatment
of hydrochar can be compared as lignin and here we named it as
pseudo-lignin. As the (pseudo-)lignin percentage increases with
the increase of HTC time and temperature, HHV of the HTC biochar
increases as well. In fact, HHV of HTC 200, 6 h biochar was 64% and
HTC 250, 6 h biochar was 94% more than HHV of raw maize silage.
Raw maize silage had relatively higher ash content of 6.7%, proba-
bly due to the presence of loose dirt. However, with the increase of
HTC temperature and time, the ash content was decreased up to
1.9% (HTC 250, 1 h). Holding HTC temperature at 250 C more than
1 h yielded a small increase of ash, compared to HTC 250, 1 h,
which might be resulted from the decrease of overall mass yield.
However, the increase was small enough to draw any certain con-
clusion, as the experimental error for ash analysis is around ±0.5%.
From Table 1, the presence of several volatile organic compounds
(VOC) like HMF, furfural, phenol can also be observed. The pres-
ence of several VOCs often makes the hydrochar toxic, and hydro-
char with higher VOC is prohibited for soil usage [Libra et al., 2011;
Becker et al., 2013]. There might be a possibility of entrapping such
VOCs in the hydrochar pores or simply adhere in the hydrochar
surface. It has been well studied that with the increase of HTC tem-
perature and time, the hydrochar becomes more porous than raw
feedstock [Diakité et al., 2013; Libra et al., 2011]. However, with
the increase of reaction temperature and holding time, the VOCs
concentration decreases as they are possibly degraded into smaller
substances like acids or alcohols [Funke and Ziegler, 2010; Reza
et al., 2014; Sevilla and Fuertes, 2009]. In fact, at 250 C, 1 h there
was no detectable HMF found in the biochar. Meanwhile, the con-
centration of phenol in the hydrochar was increasing with HTC
reaction time for both temperatures. In fact, the higher HTC tem-
perature and higher reaction time yields the maximum phenol in
hydrochar in this study. Increase of phenol in the solid phase with
process severity is in agreement with the ﬁndings reported by
Becker et al. (2013). It can also be found from the literature that
raw lignocellulosic residues have some phenol, which can be con-
centrated in the hydrochar produced from 190 to 250 C [Becker
et al., 2013]. After 270 C, phenol concentration in the hydrochar
increases very rapidly due to lignin degradation [Sevilla and
Fuertes, 2009], which is of the reason in this study not to perform
HTC above 250 C.3.2. Chemical analyses of HTC process liquor
Table 2 presents the chemical analyses of HTC process liquor,
where maize silage was treated at various HTC conditions. TOC
was the highest in the short reaction time for 20 min at HTC 200,Table 2
Chemical analyses of HTC process liquor using GC and HPLC. TOC, total organic content, H
Condition Time
(min)
Glucose
(mg/l)
Xylose
(mg/l)
Sucrose
(mg/l)
Lactic acid
(mg/l)
Fo
(m
HTC 200 20 3330.0 2010.0 3180.0 4620.0 3
60 2767.0 0.0 587.0 6468.0 42
180 150.0 80.0 425.0 6116.0 50
360 152.0 0.0 421.0 4985.0 48
HTC 250 20 85.0 101.0 407.0 5578.0 19
60 112.0 0.0 372.0 4999.0 36
180 0.0 0.0 458.0 4863.0 27
360 0.0 0.0 416.0 4296.0 26
HTC 230 60 227.0 127.0 691.0 9133.0 6which was 28% more than the TOC produced by 20 min at HTC
250. In HTC 200 liquid the concentration of HMF accumulate until
1 h and then degrade drastically. In fact, at HTC 250, after 3 h, no
HMF was found in the HTC process liquid. Similar to HMF, furfural
is also found unstable under higher HTC temperature, as the high-
est concentration observed at HTC 200 after 20 min and no furfural
was found in the HTC 250, 3–6 h process liquid. This might indicate
that, furfural degradation favors higher HTC temperature as well.
Phenol concentration was lower than HMF or furfural, yet can be
found in HTC 200 process liquid throughout the reaction time until
6 h. Meanwhile, relatively more phenol was found in HTC 250 pro-
cess liquid, which is consistent with hydrochar analysis.
Sugars molecules like glucose, fructose, xylose, and sucrose
are hydrolysis products of starch, hemicellulose, and cellulose
[Hoekman et al., 2011]. In subcritical water, the sugar molecules
are very tentative to degrade into smaller acids like formic acid,
acetic acid, or lactic acid; can also undergo for further dehydration
reaction and produce HMF, furfural, anhydroglucose, erythrose,
etc.; or even directly degrade into water and CO2 [Parajo et al.,
1993; Sevilla and Fuertes, 2011]. As a result, the maximum concen-
trations of sugars were observed at the lower reaction time and
temperature. However, the degree of degradation was different
for each sugar as glucose degradation was found slower that xylose
or sucrose. As a result, a moderate concentration of glucose was
observed until 60 min at HTC 200. Again, 250 C was found high
enough to degrade almost all glucose in less than 20 min. Unlike
sugars, concentrations of organic acids such as acetic acid, formic
acid, and lactic acid, which are possible products of degradation
of simple sugars and/or the reactive furfural derivatives, found
lower when the sugar concentration was high. Lactic acid was
the exception of this case, as the lactic acid usually present in
the raw dry maize silage [Wirth and Mumme, 2013], again can
be a by-product of direct hydrolysis of extractives in the lignocel-
lulosic biomass [Sevilla and Fuertes, 2009]. Formic and acetic acid
concentrations were increased with the increase of reaction time
for HTC 200, whereas at 250 C their concentrations were de-
creased with the reaction time longer than 180 min.3.3. NIR spectra of hydrochar and HTC process liquor
Fig. 1 shows the reﬂection spectra of the solid hydrochar
(Fig. 1a) and the HTC process liquor samples (Fig. 1b). In the NIR
study, a HTC 230, 1 h sample was added to the set of the different
HTC 200 and HTC 250 samples. The main intention was to check
the consistency of the NIR experiments. HTC 200 samples showed
more peaks than HTC 230 and HTC 250, and the peaks wore more
prominent at lower reaction times. The peak around 1350–
1450 nm, possibly corresponds to CH, OH, or NH [Weyer, 1985],
can be observed only in HTC 200 samples. Again, a small peak ap-
peared around 1650–1750 nm, possibly corresponds to CH, was
only found for HTC 200. The largest peak around 1820–1950 nm,MF, hydroxymethyl furfural.
rmic acid
g/l)
Acetic acid
(mg/l)
HMF
(mg/l)
Furfural
(mg/l)
Phenol
(mg/l)
TOC
(mg/l)
35.0 1340.0 1335 1382 23 17777
40.0 1787.0 4343 1302 45 15205
62.0 1500.0 2120 646 48 10111
71.0 1923.0 917 285 67 9468
18.0 1998.0 1707 698 108 11553
16.0 2122.0 571 203 139 9241
28.0 300.0 0 8 109 9094
11.0 500.0 0 12 91 7980
00.0 3852.0 2419 775 172 16842
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Fig. 1a. Reﬂectance spectra of solid samples produced at different process temperatures. The process time was 60 min for all samples. Main absorption bands which can be
assigned to main functional groups are indicated. Absorption bands decrease with increasing process temperature.
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Fig. 1b. Reﬂection spectra from the HTC liquids. Total absorption of light by water is indicated. CHx indicates the presence of either CH, CH2 or CH3.
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ples. However, the reﬂectance of the later peak seemed to decrease
with higher HTC temperature and longer time. It is obvious from
the NIR spectra that the hydrochar compositions are different for
different HTC condition, although the starting feedstock was same
maize silage.
In the NIR spectra of all HTC process liquors, a very low reﬂec-
tance was found around 1350–1450 nm and above 1820, due to IR
absorbed by water [Yang et al., 2010]. Water is a very effective for
absorption of light, in the NIR spectral range with penetration
depths of only 1 mm to about 1.5 mm. The rest of the NIR wave-
length range was dominated by CHx (CH, CH2, or CH3), NH and
OH absorption. Bands around 1450–1800 nm are known to show
good correlation causing variation in the measured reﬂection spec-
tra in dependence of the amount of contained substances [Szlyk
et al., 2005]. Besides that several early reﬂectance prior to
1200 nm corresponding for CHx were observed for every liquor
samples. This might be attributed to small suspended particlescausing scattering of the incoming light (IR). As the measured spec-
tra consist of absorption and diffuse reﬂection, and the correlation
between the two effects, this must be considered in the evaluation
and treatment of the spectra. From the liquor NIR spectra, it can be
found that there are many common compounds in the process li-
quor. Prediction of the various chemical compositions in both
hydrochar and process liquor from NIR spectra will be discussed
in the following sections.
3.4. Principal component analysis (PCA) of NIR spectra
Fig. 2 shows the result of the PC1–PC2 score plot of the solid
hydrochar spectra (Fig. 2a) and the HTC process liquor spectra
(Fig. 2b). In both cases, the NIR spectra were pretreated with stan-
dard normal variate (SNV) transformations and converted into
Kubelka–Munk (KM) units. The two principal components (PC)
for the spectral variances of solid hydrochars and HTC process li-
quors contain about 99% and 95% of the spectral information,
Fig. 2a. PCA of the spectra of solid HTC samples. Score plot of PC1 and PC2. The spectra were pretreated with standard normal variate (SNV). 99% of the spectral variation is
explained by PC1 and PC2.
Fig. 2b. PCA of the spectra of liquid HTC samples. Score plot of PC1 and PC2. The spectra were pretreated with standard normal variate (SNV) transformation and converted
into Kubelka–Munk units.
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Fig. 3a. Loading weights of the PC1 and PC2 of the PCA in Fig. 2a.
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Fig. 3b. Loading weights of the PC1 and PC2 of the PCA in Fig. 2b. PC2 is relevant for the separation of the sample spectra according to process temperature.
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resenting a dominance of certain compounds in these samples and
consequently there are systematic information which can be
exploited. For the solid hydrochar (Fig. 2a), two clusters from
HTC 250 and HTC 230 were found very close, which might imply
the sharing of similar components. In the score plot for process li-
quor, three well separated clusters can be found. Two clusters con-
sist of the sample spectra with a process temperature of only 250
and 200 C, respectively. The third cluster comprises samples of
both process temperatures with 230 C. It seems that this cluster
represents a transition between other two clusters. The assignment
of the process time to the scores revealed no clear cluster separa-
tion and is therefore not shown. The process time, however, muststill be considered as a possible factor that causes spectral varia-
tions and thereby inﬂuences further evaluations.
The wavelength-depended loading weights of PC1 and PC2 are
shown in Fig. 3 (Fig. 3a for solid and Fig. 3b for liquor). High values
indicate the importance of the wavelength range and hence clus-
tering. The main difference between the clusters was along PC1
for solid score plot and PC2 for liquor score plot. PC1 shows higher
importance for the solids than PC2, whereas PC2 seems to have
superior relevance for the HTC liquors. The PC1 loading for the li-
quor (Fig. 3b) represents the inﬂuencing factors like light scattering
caused by dissolved particles or temperature shifts in the liquid,
hence not directly correlated with chemical information. The main
result of the PCA analysis indicates that there is systematic
Table 3
Result of PLSR prediction models for different chemical compounds from HTC process for liquid fraction. Each sample was measured three times.
Chemical
compound
Num.
factors
Num.
spectra
Pre-treatment
spectra
Corr. coeff.
calibr.
Corr. coeff.
valid.
Conc. range compound
[mg/l]
RMSEC [mg/
l]
RMSECV
[mg/l]
HMF 6 9 OSC 0.9715 0.7509 0–4343 217 868
Formic acids 7 9 EMSC 0.9886 0.7345 335–5062 245 1105
Glucose 7 9 EMSC 0.9957 0.8914 0–3333 115 562
Xylose 6 9 EMSC 0.9809 0.6857 0–140 9.9 37.5
Acidic acid 5 9 EMSC 0.9364 0.7172 0–3852 245 1066
Lactic acid 5 9 EMSC 0.9662 0.7979 4296–9133 358 847
Furfural 5 9 EMSC 0.9683 0.8669 7–140 121 242
Phenol 4 9 EMSC 0.9805 0.9407 20–180 4.3 13.6
Ash 6 9 EMSC 0.9738 0.7833 0.9–3 0.14 0.39
OSC, orthogonal signal correction; EMSC, extended multiplicative scatter correction.
RMSEC, root mean square error of calibration.
RMSECV, root mean square error of cross validation.
98 M.T. Reza et al. / Bioresource Technology 161 (2014) 91–101information in the spectra, which can be used for correlation of
contained substances produced by the HTC process.3.5. Correlation of NIR spectra with chemical analysis data
All NIR spectral data were statistically validated for predicting
various chemical compounds in the hydrochar and HTC process li-
quor samples. During the calibration development, several spectral
outliers were detected. The outlier eliminations were an essential
step in the optimization procedure of the model development. As
described earlier NIR spectra provides valuable information
regarding the organic structural changes for both hydrochar and
HTC process liquor. PCA analysis conﬁrms the agreement and indi-
cates that PLS might be useful for correlation of chemometric
methods with NIR spectra.Fig. 4a. Result of the PLS regression of HMF chemical with the NIR spectra of the solid frPLS models were developed using eighteen samples (nine for
hydrochar and other nine for process liquor) based on the selected
27 NIR spectra (including 3 repetitions) of the hydrochar and HTC
process liquor samples, respectively. The prediction capability was
evaluated by correlation coefﬁcient (r), RMSEC and RMSECV. It was
expected to have ideal models, when they show low RMSEC and
RMSECV as well as a high correlation coefﬁcient (r). The optimum
number of PLS-factors were selected by the explained variance and
RMSEC(V), whereby the aim is to use as few number of PLS-factors
as possible. The model stability will be improved and at the same
time a low REMSEC(V) value with adopting lower acceptable PLS-
factors. An increase in the RMSEC(V) indicates that the data have
been overﬁtted by incorporating spectral information into the
model that is not related to the speciﬁc compounds. That is why
the optimum number of PLS-actors varies between 3 and 7 for dif-
ferent chemical compounds in either solid or liquid samples.action. The model consists of 4 factors. Spectral range was reduced by Jack-Kniﬁng.
Fig. 4b. Result of the PLS regression of HMF chemical with the NIR spectra of the liquid fraction. The model consists of 6 factors. There were no outliers and spectra were
pretreated with extended multiplicative scatter correction (EMSC).
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with several chemical components. All samples regardless of pro-
cess temperature and process duration were used for the PLS mod-
eling. The results of different spectral pretreatment models for the
liquid samples are shown in Table 3. There were 9 liquor samples
measured three times each. Partial least square regression (PLSR)
was used for generating prediction models for determining the
chemical components by spectral measurements similarly as
shown in Fig. 4 for HMF in hydrochar (Fig. 4a) and in HTC process
liquor (Fig. 4b) as an example. The concentration range for each
chemical substance is given in column 7 of Table 3, as reliability
of regression models is valid for the indicated range and should
not be extended over these limits [Fearn et al., 2002]. The models
developed with various pretreatments such as derivative, smooth-
ing, SNV, EMSC and the combination of these pre-treatments were
chosen to lower the number of factors and the RMSEC(V) values to
improve model stability and prediction quality. The spectralTable 4
Results of PLSR prediction models for different chemical compounds from HTC process fo
Chemical
compound
Num.
factors
Num.
samples
Pre-treatment
spectra
Corr. coeff.
calibr.
HMF 4 5 JK 0.9373
Phenol 3 5 VN, OSC, JK 0.9395
Furfural 3 5 OSC, JK 0.9880
Ash 4 5 JK 0.9275
Lignin 5 5 Raw 0.9797
Cellulose 3 5 Raw 0.9781
Hemicell. 6 5 KM 0.9672
JK, Jack Kniﬁng; OSC, orthogonal signal correction; VN, vector normalization; KM, Kube
RMSEC, root mean square error of calibration.
RMSECV, root mean square error of cross validation.pre-treatments shown in Table 3 are those where the lowest num-
ber of factors, RMSEC and RMSEC(V) were achieved. Prediction
models for one varying substance would consist of only one factor
in the ideal case. The higher number of factors in the present mod-
els for the liquid samples indicates that beside the abundance of
substances in the liquid also varying factors like different sample
processing temperature and time causes additional inﬂuencies
hence must be modeled and number of PLS factors will increase.
Number of factors (column 2 in Table 3) are varying from 4 (for
phenol) to 7 factors (for HMF or glucose) in the prediction models.
As described above, spectral variations were caused by the dif-
ferent process temperatures and times, and also suspended parti-
cles in the liquid are scattering light. The scattering has a
decisive inﬂuence to the quality and reproducibility of the spectral
measurements and their effect must be either reduced by data pre-
treatment or by reducing their amount in the liquid, e.g., ﬁltering,
or emulsifying. Therefore, the liquids were shaken before everyr solid fraction. Each sample was measured ﬁve times.
Corr. coeff.
valid.
Conc. range compound
[mg/kg]
RMSEC [mg/
kg]
RMSECV [mg/
kg]
0.9162 0–5.7 0.66 0.76
0.9173 3.9–45.8 4.35 5.06
0.9847 1.9–16.2 0.68 0.76
0.8983 1.9–4.7 0.36 0.42
0.9641 9.5–58.3 2.67 3.53
0.9740 4.6–46.4 2.92 3.18
0.9023 0.3–6.1 0.45 0.77
lka–Munk.
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the particles that could possibly falsify the spectra. With this, the
coefﬁcient of HMF was achieved 0.9715 and coefﬁcient of determi-
nation r2 was 0.9438 with 7 PLS factors and OSC pretreatment.
RMSEC and RMSECV were 217 and 868 mg/l, respectively. Similar
to HMF, other chemical constituents in the liquid were correlated
with the NIR spectra and the results are presented in Table 3. EMSC
is another pretreatment method, which can reduce the effect of
light scattering to the spectra [Fearn et al., 2002; Martens and
Naed, 1989]. Thus, the best prediction models i.e., lowest number
of factors and lowest value of RMSEC and RMSECV for the liquid
samples were achieved by EMSC spectral pre-treatment.
Correlation coefﬁcients of calibration (CCC) in column 5 of
Table 3 for liquid samples are found in the range from 0.9364 to
0.9957 and correlation coefﬁcients of validation (CCV) in the range
from 0.6857 to 0.9407. Validation method was used in the study
was a full cross validation, where every sample is analyzed, model
is generated, prediction is performed and correlated with the other
samples and ﬁnally, CCV value is achieved. Therefore signiﬁcant
difference between the two values indicates that the prediction
model stability must be improved by a higher number of samples
or reducing variation in sample preparation, e.g., constant process-
ing temperature. The correlations for various solid-phase compo-
nents were found in the range of 0.9275–0.9880 for CCC and
0.8983–0.9847 for CCV values (Table 4). For instance the CCC for
ash was the lowest 0.9275 with JK pretreatment validated for the
range of 1.9–4.7 mg/kg and RMSEC and RMSECV were 0.36 and
0.42 mg/kg, respectively. Ash is very heterogeneous and can con-
sist of various inorganic components, so prediction of ash from
NIR spectra can be troublesome. On the other hand, furfural
showed a CCV of 0.9880 with only 5 factors achieved with OSC
and JK pretreatment, and RMSEC and RMSECV were 0.68 and
0.76 mg/kg, respectively. HMF showed a CCC of 0.9373 and coefﬁ-
cient of determination r2 was 0.8878, as RMSEC and RMSECV were
0.66 and 0.76 mg/kg, respectively (Fig. 4a and Table 4). The sug-
gested HTC process liquor models show a slightly higher number
of PLS factors (4–7) (Table 3) compared to the solids models (3–
6) (Table 4).The lower number of factors and higher correlations
indicate that the variation in the solid samples are lower hence
prediction models are more stable.
Precision of the predictionmodels for liquid and solid seems low
(Figs. 4a and b). As agriculture feedstock consists of various compo-
nents with various scattering potential, the regression models are
still different from the prediction values. Correlation coefﬁcients
indicate that there is a signiﬁcant correlation between the NIR spec-
tral measurements and the chemical components. However, to im-
prove the performance of the models a higher number of samples
and standardization of measurement routines should be employed.
NIRS, as a nondestructive method could greatly simplify the
analysis of individual compounds compared to the other physical
and chemical methods, because no extraction step with organic
solvents is required and samples can be readily analyzed in min-
utes. NIRS also offers the possibility to measure in-line and to con-
trol HTC process. Hence process and product optimization is
feasible with NIRS monitoring method. Further selection of valu-
able information of spectral data and an explanation of the result
could be needed to improve the model generalization and stability.
4. Conclusions
Hydrochar composition as well as chemical components in HTC
process liquor varies with HTC temperature and time. This study
has provided ﬁrst results on a potential rapid determination meth-
od by NIR spectroscopy. The results indicate that determination ofselective components (lignin, cellulose, hemicellulose, ash, HMF,
furfural, phenol, sugars and organic acids) in both solid and liquid
phases of HTC could be successfully performed through NIR spec-
troscopy combined with PLS models. However, as the models’
number of factors and accuracies show high variations, further
work are needed including the impact of different feedstock.
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